Widespread adoption of indoor positioning systems based on WiFi fingerprinting is at present hindered by the large efforts required for measurements collection during the offline phase. Two approaches were recently proposed to address such issue: crowdsourcing and RSS radiomap prediction based on either interpolation or propagation channel model fitting from a small set of measurements. RSS prediction promises better positioning accuracy when compared to crowdsourcing but no systematic analysis of the impact of system parameters on positioning accuracy is available. This paper fills this gap by introducing ViFi, an indoor positioning system that relies on RSS prediction based on Multi-Wall Multi-Floor (MWMF) propagation model to generate a discrete RSS radiomap (virtual fingerprints). The ViFi system is subject to an extensive experimental analysis in order to address the role of all relevant system parameters. Experimental results obtained in two different testbeds show that the introduction of virtual fingerprints allows reduction by a factor of 10 of the number of measurements, without significant loss in positioning accuracy. The use of two testbeds also allows to derive general guidelines for the design and the implementation of a virtual fingerprinting system.
✦ 1 Introduction R ECEIVED Signal Strength (RSS) fingerprinting is one of the most popular approaches for the implementation of WiFi-based Indoor Positioning Systems (IPSs) [1] , [2] . Fingerprinting traditionally operates in two phases. During the so-called offline phase, RSS values from WiFi Access Points (APs) detected in the environment (fingerprints) are collected at selected positions, referred to as Reference Points (RPs), in order to create a discrete RSS radiomap of the area of interest. Within the subsequent online phase, the location of target devices is estimated as a function of the positions of the RPs that best match the RSS values measured by the devices. Accuracy and complexity of fingerprinting algorithms mainly depend on two issues: 1) proper definition of similarity metrics and estimation algorithms for selecting the best matching RPs to be used during the online phase, and 2) careful planning of the offline phase, particularly in terms of RP cardinality and positions and of number of measurements collected at each RP [3] , [4] . Regarding the online estimation algorithms, deterministic and probabilistic k-Nearest Neighbors (kNN) and Weighted kNN (WkNN) algorithms are by far the most widely proposed and investigated: on one hand, deterministic algo-rithms are appealing and relatively easy to implement, because they take advantage of easily computable deterministic similarity metrics [5] , [6] , [7] ; on the other hand, probabilistic algorithms may improve the deterministic accuracy at the price of higher computational complexity and measurement efforts, due to the need of reliably estimating the RSS probability distributions in each RP from each WiFi AP [8] , [9] , [10] , [11] . Regarding the offline phase, two approaches are emerging as possible practical solutions for minimizing efforts and time dedicated to measurements: Crowdsourcing -In this approach system users, voluntarily or otherwise, contribute to the collection of locationdependent RSS samples, in order to create the environment RSS radiomap, thus drastically reducing or even eliminating the fingerprinting offline phase [12] , [13] . Crowdsourcing is an appealing solution, and several companies, such as Google with the Indoor Maps 1 project, have already deployed crowdsourcing-based solutions. Crowdsourcing typically leads to a radiomap not spatially homogeneous since the locations where fingerprints are collected are determined by users mobility patterns rather than predefined planning. In addition, fingerprints are collected by users with their own devices, thus introducing an additional element of heterogeneity. Heterogeneity is indeed the main challenge in crowdsourcing and although several approaches have been proposed to deal with it, the design of an effective crowdsourcing system is still an open research issue [14] , [15] , [16] . RSS Radiomap Prediction -In this approach, RSS values in the area of interest are mostly predicted rather than 1 . http://maps.google.com/help/maps/indoormaps/ (2013). measured [17] . To this aim, two main methodologies have been proposed: 1) interpolation of measurements, with interpolation parameters optimized for each AP [5] , [18] , [19] , [20] , [21] , and 2) empirical radio propagation modeling, with site-specific propagation parameters derived through fitting procedures between initial measurements and the selected indoor propagation model [3] , [22] , [23] , [24] , [25] , [26] , [27] . When applied to a fingerprinting system, RSS prediction may be used either for the generation of virtual RPs 2 , aiming at extending the collected fingerprinting database, or for the evaluation of continuous RSS spatial distributions, one for each considererd AP, used then to infer the position to be estimated. These possibilities will be referred to, in the following, as discrete virtual fingerprinting vs. continuous virtual fingerprinting, respectively.
The present work focuses on RSS radiomap prediction, proposing and analyzing ViFi, an IPS based on discrete virtual fingerprinting relying on propagation modeling. In order to fulfill the general goal of keeping the system at a reasonable complexity level, two design strategies were adopted: 1) the Multi-Wall Multi-Floor (MWMF) propagation model was selected among several empirical models, given its analytical simplicity [24] , [28] , [29] , [30] , [31] , and 2) a traditional deterministic WkNN-based algorithm was adopted during the fingerprinting online phase. Experimental results were obtained in two different testbeds. The first was deployed at the Department of Information Engineering, Electronics and Telecommunications (DIET) of Sapienza University of Rome, Rome, Italy, and the second at the Department of Telecommunication Systems, Telecommunication Networks Group (TKN), of Technical University of Berlin (TUB), Berlin, Germany. Comparison of results obtained in the two testbeds allowed to derive general system implementation guidelines, that proves to be beneficial for both system designers and users [32] , [33] , [34] . The paper is organized as follows: Section 2 reviews related work in the field of RSS prediction, for both inteporlationbased and model-based approaches. Section 3 identifies open issues with respect to previous work, and describes the motivation and goals of the present paper, by also introducing the proposed system. Section 4 contains the analytical foundations of the MWMF indoor propagation model, proposed in this work for the generation of virtual RPs. The ViFi model is described in Section 5, where system offline and online phases are discussed in detail. The testbeds used for the experimental analysis are presented and compared in Section 6. Experimental results are analyzed and discussed in Section 7. Finally, system implementation guidelines are summarized in Section 8, and conclusions and possible future research lines are presented in Section 9.
Related Work on RSS Prediction
In this section, previous work on RSS prediction and its application to the design of IPSs is briefly reported, presenting proposed solutions and significant experimental results. 2 . In the following we will refer for brevity to real RPs meaning real fingerprints collected at the corresponding RP locations, and to virtual RPs meaning virtual fingerprints generated as a function of the selected RSS prediction method and the corresponding RP locations.
RSS Prediction by Interpolation
In [5] , Inverse Distance Weighting (IDW) and Universal Kriging (UK) interpolation approaches were proposed to generate virtual RPs in a discrete virtual fingerprinting scheme. Experimental results showed that the positioning error, averaged on different (W)kNN (with k = {1, 3, 4}) estimation algorithms, was reduced for both IDW and UK schemes with respect to the case where only real RPs were used, in particular when the amount of real RPs was low. In [18] , an interpolation scheme based on radial basis functions was preliminarily calibrated on real RPs and then used to infer target location; results showed that a reduction of the number of initial real RPs can be achieved at the price of a slightly lower positioning accuracy. In [19] , an offline phasefree system named TIX was proposed, that assumes knowledge of APs transmitted powers and locations. Moreover, the APs were modified to measure the RSS of the beacons from neighboring APs. Continuous virtual fingerprinting via linear interpolation was then used to estimate the unknown position. Experimental results showed increased average positioning error by about 15% when TIX was used in place of a traditional fingerprinting system. Discrete virtual fingerprinting via linear regression was proposed in [20] ; when generating a virtual RP, regression parameters were obtained by assigning the highest weight to the RSS fingerprint of the closest real RP. Experimental results showed that the introduction of virtual RPs improved the achievable positioning accuracy, in particular in the case of low cardinality of real RPs, confirming the findings reported in [5] . Finally in [21] , continuous virtual fingerprinting via Support Vector Regression (SVR) was proposed, and experimental results showed similar performance in static positioning and slightly better performance in tracking, with respect to a traditional kNN estimator, at the price of increased complexity.
RSS Prediction by Indoor Propagation Modeling
In the seminal work on WiFi fingerprinting [3] , an empirical propagation model taking into account the effect of obstructing walls on the perceived RSS was proposed. The so-called Wall Attenuation Factor (WAF) was empirically derived by averaging the differences between Line of Sight (LoS) and Non LoS (NLoS) measurements, with a known and variable amount of obstructing walls in the latter case. Once the WAF was evaluated, other propagation model parameters (path loss at a reference distance and path loss exponent, respectively) were computed via linear regression, and RSS values were predicted by using the obtained model. Experimental results showed an increase of the median positioning error in the order of 46% when such model was used in place of real measurements, calling for the definition of a more accurate propagation model. In [22] the placement of WiFi sniffers at known locations was proposed, with the goal of continuously measuring the RSS values from the various APs in the area. A log-distance path loss model was then used in a continuous virtual fingerprinting approach. A similar system was proposed in [23] , adopting however a more accurate ray tracing propagation model. It should be noted that while these methods avoid offline measurements, they rely on dedicated infrastructure and on the modification of off-the-shelf APs capabilities. In [24] the impact of using discrete virtual fingerprinting on the achievable positioning accuracy was comparatively analyzed: two empirical propagation models (log-distance and MWMF) and a semi-deterministic model (Motif) were used in the RSS prediction and virtual fingerprints generation. Positioning accuracy was then tested for deterministic NN and probabilistic Bayesian estimators, showing an increase of about 30% in terms of average positioning error for the log-distance model, and a decrease of about 10% for MWMF and Motif ones, with respect to the NN algorithm adopting real measurements. No analysis on the impact of the amount of both real and virtual RPs was however provided and, in addition, little detail was given on the set of propagation parameters used in the MWMF model. A ray tracing model enhanced with uniform theory of diffraction was proposed in [25] , in the context of device-free localization, in order to model both electric field behaviour and human shadowing effects. Results showed, however, an increased average positoning error by 120% with respect to the measurement-based system. In [26] , an offline phase-free system named WILL was proposed, that combines temporal and spatial characteristics of indoor WiFi propagation with data provided by an accelerometer embedded in the device; experimental results showed an 86% room level accuracy in a typical office environment. Recently, the possibility of generating reliable virtual RPs, through empirical fitting of a simple propagation model, was confirmed in [27] , where a log-distance model was adopted limiting the optimization to the path loss exponent.
Motivation and Goals
The analysis of related work in Section 2 highlights that RSS prediction is a promising approach to achieve a satisfactory trade-off between complexity and accuracy in fingerprinting IPSs; however, several open points need to be addressed before it can be adopted as a viable solution:
• Most of the works on discrete virtual fingerprinting provided limited analysis on the impact of the number and positions of virtual RPs on the achievable positioning accuracy and how their use could affect the estimation phase based on kNN/WkNN algorithms. The analysis so far mostly focused on showing the impact of the number of real RPs and, in general, no information regarding the amount of generated virtual RPs was provided [5] , [20] , [24] . • Works proposing offline-free systems mostly require either additional hardware or modification of off-toshelf devices, and this may be time consuming and expensive, thus nullifying the benefit of avoiding the measurement phase [19] , [22] , [23] . • Continuous virtual fingerprinting could lead to slightly better positioning performance with respect to a discrete virtual approach, but the possible high increase in system computational complexity should be taken into account when considering the overall system accuracy/complexity trade-off [21] , [22] , [23] . • To the authors' best knowledge, the possibility of using crowdsourced measurements for RSS prediction and its impact on accuracy is all but unexplored.
The above observations led to the present work, with the following goals:
Introduce ViFi, a WiFi IPS based on discrete virtual fingerprinting relying on the MWMF propagation model. Compared to previous work, the discrete nature of ViFi differentiates it from [18] and [21] ; differently from [19] , [22] , [23] , no dedicated and/or modified infrastructure is required and, with respect to [26] , the use of inertial sensors, such as the accelerometer, is not required. Moreover, the selected MWMF model is a reasonable trade-off between the simpler models proposed in [3] , [22] , [27] and the more complex ray tracing one of [23] , [25] ; with respect to [24] , a more detailed analysis is carried out for the MWMF model. Carry out a comprehensive investigation on discrete virtual fingerprinting, covering a wide number of aspects regarding its optimal design and implementation. Differently from [5] , [20] , the present work proposes a more detailed analysis of parameters such as densities and positions of both real and virtual fingerprints, in conjunction with different strategies for their selection and use, in order to analyze their impact on: a) the achievable reliability in generating virtual fingerprints by MWMF, b) the achievable positioning accuracy. Note that the use of two testbeds for the analysis allows to derive more general insights and results. Explore the use of crowdsourcing in conjunction with virtual fingerprinting, by introducing a dedicated scenario that can be considered a best case, simplified version, of a real-world crowdsourcing one, since it lacks two additional sources of accuracy degradation: a) the use of different devices and b) error in the positions of the RPs as determined and reported by the users. The impact of these two sources of error is left for future work. Provide general guidelines for the implementation and use of ViFi, focusing in particular on: a) the required spatial densities of both real and virtual RPs, b) the strategies to select and place such RPs, and c) the selection of the value of k of the WkNN estimator that guarantees satisfactory performance without requiring an extensive training phase.
Multi-Wall Multi-Floor Propagation Models
In the context of indoor propagation modeling, empirical narrow-band models are widely used; they are characterized by simple analytical formulas embedded with sitespecific propagation parameters, the latter obtained through a procedure of model fitting based on a set of preliminar measurements. In particular, the family of Multi-Wall Multi-Floor models emerged as practical solution to the indoor modeling issue, given its analytical simplicity [28] , [29] . In evaluating the path loss for an indoor Tx-Rx path, MWMF models take into account several families of objects that, when obstructing the Tx-Rx direct path, are assumed to impact the signal propagation. In its more general form, the MWMF estimated path loss of a Tx-Rx link is:
where PL OS models signal attenuation with Tx-Rx distance d and path loss exponent γ, while A MWMF models signal attenuation due to obstructing obstacles. The PL OS term is defined as a typical One Slope model, as follows:
with l 0 modeling the d = 1 m reference path loss (for free space conditions, γ = 2 and l 0 ≈ 40.22 dB @ 2.45 GHz). The A MWMF term definition characterizes the MWMF model.
Considering the most general case in which Tx and Rx are located on different floors of a multi-floor building (referred to in the following as 3D propagation case, in contrast with the 2D propagation case, where Tx and Rx are on the same floor), A MWMF can be formulated as follows:
with parameters, related to both signal propagation and environment topology, described in TABLE 1. Given an initial set of M real measurements in the area of interest A and, for each m-th measurement (m = 1, 2, . . . , M ), the set of topological parameters {T m }, including the specific set and positions of obstructing objects in the m-th Tx-Rx direct path, a least square fitting procedure allows to obtain the set of propagation parameters {S}, that minimize the difference between RSS measurements and predictions, as follows:
where for the m-th available measurement, RSS m andR SS m are the actual vs. the predicted RSS values at Rx, when considering Tx at distance d m , that isotropically radiates a power EIRP. TheR SS m is computed through the MWMF model as follows:
The propagation parameters included in {S} may differ from one MWMF model to the other, and can include parameters characterizing both PL OS and A MWMF [28] , [29] . The set adopted in this work is defined in Section 7.4.
ViFi System Model
The ViFi system is described in this section. Sections 5.1 and 5.2 introduce the offline and online phases of ViFi, highlighting the differences from a traditional WiFi fingerprinting IPS. Possible implementation options for both phases are then reviewed in Sections 5.3 and 5.4.
Offline Phase
ViFi uses the MWMF model for the generation of virtual RP fingerprints. Assuming to know the position of L WiFi APs in the area of interest, a set of N r (possibly crowdsourced) real RPs is first collected, so that a L × 1 RSS fingerprint s n1 is associated to the location of the generic n 1 -th RP. s n1 components, denoted s l,n1 , contain the RSS of the transmission link between the l-th AP and the n 1 -th RP, and are usually obtained by averaging q > 1 measurements taken in the same RP, in order to counteract channel variability. The selection of the value of q is a compromise between system accuracy and time and effort devoted to measurements. Moreover, in general, only a subset of the L APs are detected in the location of the generic RP; for this reason, s n1 components corresponding to APs that are not detected are usually set to a predefined value, much smaller than measured values. The MWMF model is then calibrated on the set of real fingerprints and used for the generation of N v virtual fingerprints, each one associated to the position of a virtual RP. The componentŝ l,n2 of the generic L×1 fingerprintŝ n2 contains the RSS predicted for the transmission link from the l-th AP to the n 2 -th virtual RP.
Online Phase
ViFi combines real RPs and MWMF-based virtual RPs within a deterministic WkNN estimation algorithm in order to infer target location. Denoting with N = N r + N v the total number of RPs in A, with s n (n = 1, 2, . . . , N ) the RSS fingerprint of the generic n-th RP, and with s i the RSS fingerprint collected during the i-th positioning request by a target device, position estimation relies on the computation of a similarity metric sim n,i = sim(s n , s i ) (n = 1, 2, . . . , N ), defined as a part of the position estimation algorithm. By selecting the k RPs that, according to the total set of sim n,i values, are most similar to s i , the WkNN estimated positionp i is:
where p n = (x n , y n , z n ) is the position of the n-th RP in a 3D coordinate system, andp i = (x i ,ŷ i ,ẑ i ) is the estimated position for the i-th online reading in the same system. In the context of deterministic algorithms, sim n,i is a deterministic metric computable in the RSS space between vectors s n and s i . A very popular choice is the use of the inverse Minkowski distance of order o:
Orders that are typically used are o = 1, corresponding to the inverse Manhattan distance, and o = 2, corresponding to the inverse Euclidean distance, that is the metric used in ViFi. Similarity metrics based on modified versions of the inner product between RSS vectors are quite popular as well. Readers interested in the analysis of the impact of different similarity metrics on positioning accuracy may refer to [35] , [36] .
Offline Phase Implementation Options
The implementation of the ViFi offline phase must address two main issues: a) how to use the real RPs, and b) how to determine the number and positions of virtual RPs. These issues are discussed in Sections 5.3.1 and 5.3.2, respectively.
Handling real RPs: Selection Strategies
Both cardinality and positions of real RPs affect the generation of virtual RPs and the resulting ViFi positioning accuracy. Under the assumption of having a number N r of real RPs regularly spaced over a grid in A, the density of such RPs per square meter can be defined as follows:
d r is expected to affect the reliability of the MWMF model in the creation of virtual RPs, since it defines the cardinality of the measurements of Equation (4). As previously discussed in [30] and [31] , the measurements in each RP refer to a set of L > 1 APs, leading to two different Selection Strategies: Strategy I: Environment Fitting -In this Strategy, the set of measurements from the L APs collected in the environment A are used to perform a global optimization procedure, leading to a common set of propagation parameters to be used for all APs in A. Strategy I assumes that a unique set of parameters can globally characterize the environment. Strategy II: Specific AP Fitting -This Strategy discriminates measurements at each RP, as a function of the l-th AP they refer to: a different fitting procedure is carried out for each AP, leading to a different set of propagation parameters for each AP.
Handling virtual RPs: Placement Schemes
Cardinality and positions of virtual RPs are also expected to affect positioning accuracy. In analogy to Equation (8), denoting with N v the number of virtual RPs to be generated, the density of these RPs can be defined as follows:
Moreover, positions of virtual RPs in the area can be freely defined. Two different Placement Schemes that define how virtual RPs are placed in A are considered in this work: Scheme 1: Random -In this Scheme, virtual RPs are randomly placed in the area, without any specific constraint on their relative positions. Scheme 2: Grid -In this Scheme, virtual RPs are placed on a grid in the area, with grid step determined by d v .
Online Phase Implementation Options
As descripted in Section 5.2, during the online estimation phase, ViFi uses a traditional WkNN algorithm combined with the inverse Euclidean distance as a similarity metric. The value of k is thus the main parameter affecting the positioning accuracy of the algorithm. Section 5.4.1 discusses previous solutions proposed in the literature for selecting k and proposes a novel selection scheme.
Selection of the k value
Several previous investigations have addressed the impact of the methodology of selecting the set of k RPs and the value of k itself on positioning performance of deterministic WkNN algorithms, when only real RPs are used in the estimation phase. Such works highlighted that in most cases a single value of k that minimizes the error at all possible target locations in the area of interest does not exist, and that a dynamic selection of k should be pursued. Dynamic k selection strategies increase, however, the complexity of the online phase, and provide no guarantee of achieving the optimal performance in all cases [36] , [37] . The solution proposed in most cases is, therefore, to adopt the value of k leading to the minimization of the average positioning error, denoted as k opt . Several experimental studies carried out in different environments found that k opt lies in the range between 2 and 10 [2], [3] , [4] , [5] , [35] , [37] . The empirical result is reasonable by considering that, on one hand, if k = 1 is selected, each positioning request is solved by assigning to the target device the position of the best matching RP, and this could lead to high positioning errors for some target positions. On the other hand, as k increases, more and more RPs are included in Equation (6), eventually including some with low similarity, and thus decreasing the positioning accuracy. Determining the value of k opt for a specific IPS is, however, not trivial, and no univocal and general way to find k opt as a function of system parameters was proposed even for systems only using real RPs. Existing solutions require the introduction of a dedicated, site-specific, testing phase during which, preliminarily to the use of the system by real users, the system developer collects a set of Test Points and uses them to test the system accuracy by varying the value of k, at the price of further measurement efforts for collecting the RSS values at the locations of the Test Points. In the following, a model for determining a reliable approximation of k opt without dedicated testing is proposed, moving from the observation that some form of dependency of the value of k opt on the density of RPs can be safely assumed. In the proposed system, both real and virtual fingerprints are considered, and such dependency can be expressed as:
It should be noted, however, that, due to the adoption of the empirical MWMF model in their generation, virtual fingerprints have some specific properties when compared to real fingerprints. In particular, virtual fingerprints show a high spatial correlation, with variations of RSS values between two fingerprints directly related to the physical distance between the corresponding RPs, without the abrupt changes introduced in real fingerprints by measurement errors and channel fading. As a result, it can be expected that k opt increases with the density of fingerprints, in particular when the density of virtual RPs is relatively large compared to the density of real RPs. Moving from this observation, we propose a linear law for f(., .), leading to an approximate k opt value, k est , as follows:
In general, the value of α that satisfies the condition in Equation (11) will be environment-specific, and will again require a testing phase to determine its exact value. It should noted however that if the increase of the positioning error with k around k opt is gradual rather than abrupt, then any value of k around k opt lead to comparable positioning error. Any value of α leading to a value of k est close enough to k opt would be acceptable, especially if the α value fits most environments without the need of a testing phase. This possibility will be explored later in this work, first by assessing the validity of Equation (11), and then by determining the values of α that lead to the best approximation of k est in SPinV and TWIST testbeds. The procedure adopted for determining the value of α is described in Section 7.3, while results of the application of such procedure in the two testbeds are reported in Section 7.6.4.
Testbeds for the Experimental Analysis
This section describes the testbeds, implemented at Sapienza University of Rome (SPinV) and Technical University of Berlin (TWIST). Main characteristics are presented, pointing out testbeds similarities and dissimilarities.
SPinV
Supporting People indoor: a navigation Venture (SPinV) is the indoor positioning testbed implemented at the DIET Department of Sapienza University of Rome. SPinV is deployed in an office environment and covers two floors with an area of roughly 42 × 12 m 2 each. L 1 = 6 WiFi APs working @ 2.4 GHz and 5 GHz, and L 2 = 7 WiFi APs working @ 2.4 GHz, with a beacon transmission period of T b = 100 ms and a transmission power EIRP = 20 dBm, are placed at known positions at the 1-st and 2-nd floor, respectively. In order to analyze the performance of ViFi, the entire SPinV 2-nd floor has been adopted as evaluation environment A, and the APs on this floor have been considered in the fingerprinting measurement campaign, so that L = L 2 . During the fingerprinting offline phase, N r,tot = 72 RPs have been identified on a regular grid and measured within A; then, the online phase positioning accuracy has been then tested by similarly collecting a further set of N t = 31 uniformly distributed Test Points (TPs). Within the SPinV testbed, both RPs and TPs have been collected in two different measurement campaigns with the goal of testing the proposed virtual fingerprinting approach in two different applicative scenarios: Controlled Scenario -In order to limit as much as possible environmental and propagation interference factors, all measurements of this scenario have been carried out during weekend afternoons, using a MacBook Pro equipped with an AirPort Extreme Network Interface Card and placed on a wooden platform, in order to eliminate the possible impact of the human body presence on the measured RSS values. Both RPs and TPs fingerprints have been defined using q = 50 scans of the wireless environment, averaging out fluctuations due to channel and measurements variability. Crowdsourcing-like Scenario -In this scenario, all measurements have been carried out during weekdays, with human surveyors equipped with Android-based Samsung tablets. RPs fingerprints have been defined by averaging q = 5 scans of the wireless environment, while TPs fingerprints comprise a unique scan of the environment for each measurement point. A specific characteristic of the SPinV testbed is the location of APs. On both floors, APs are in fact placed in the countertop of the corridor running through the floor, as shown in Figure 1 . SPinV can be thus considered an example of suboptimal environment, since its APs topology is expected to guarantee low spatial diversity, with a negative impact on indoor positioning accuracy.
TWIST
The TKN Wireless Indoor Sensor network Testbed (TWIST) is the indoor positioning testbed implemented at the TKN headquarter at TUB, in the context of the EVARILOS Project [32] , [33] . TWIST is deployed in an office environment and covers one floor with an area of roughly 30 × 15 m 2 . Within this environment, L = 4 dedicated WiFi APs were placed at known positions and configured to operate @ 2.4 GHz with a beacon transmission period of T b = 100 ms and a transmission power EIRP = 20 dBm. In order to analyze the performance of ViFi, the entire TWIST floor has been adopted as evaluation environment A, and the L APs on this floor have been considered in the fingerprinting measurement campaign. During the fingerprinting offline phase, N r,tot = 41 RPs were identified on a regular grid and measured within A; then, the positioning accuracy was tested by collecting an additional set of N t = 80 uniformly distributed TPs. In the case of the TWIST testbed, the only considered scenario was the Controlled Scenario defined at the end of Section 6.1, and all measurements were taken under the same settings defined in the same section. Moreover, oppositely to SPinV, APs in TWIST are approximately placed at the four corners of the coverage area, as shown in Figure 2 . TWIST can be thus considered as an optimal environment, thanks to an optimized signal coverage leading to a high spatial diversity, that is expected to be beneficial for indoor positioning accuracy. Given the environment A and a total number N r,tot of RPs measured in A, a framework for the analysis of the reliability of the MWMF model in generating virtual RPs has been defined, following the approach in [30] , [31] :
• A tunable parameter ρ has been defined, in order to determine the number of RPs N r used for the model fitting reported in Equation (4), out of the total number of RPs N r,tot , so that N r = ⌈ρN r,tot ⌉. The modeling accuracy in estimating the propagation parameters and generating virtual RPs has been then evaluated as a function of ρ. Figures 1 and 2 show the measured RPs, together with the APs positions and the sets of RPs, when different values of ρ are used in the model fitting procedure, for SPinV and TWIST testbeds, respectively. • Given d r , obtained from N r (see Equation (8)), the two Selection Strategies introduced in Section 5.3.1 have been used to carry out the model fitting and evaluate propagation parameters. • For each Selection Strategy, the estimated propagation parameters have been then used to predict the RSS values at the same locations where the N r,tot were collected. The accuracy of the model was then evaluated by defining the prediction error (also referred to as estimation error) as follows:
δ n (ρ) = |s l,n −ŝ l,n (ρ)|,
whereŝ l,n (ρ) is the predicted RSS for the generic (AP l , RP n ) pair, obtained by using a set of N r = ⌈ρN r,tot ⌉ RPs in the model fitting procedure, while s l,n is the measured RSS for the same pair, as defined in Section 5.1.
Assuming the generic δ n (ρ) value as a sample of a random variable δ(ρ), the cumulative distribution function (CDF) of δ(ρ) and the average errorδ(ρ) = N r,tot i=1 δn(ρ) N r,tot were also evaluated.
Results of the analysis are presented in Section 7.5 and 7.7 for the controlled and crowdsourcing-like scenarios.
Analysis of the Impact of Virtual RPs on Positioning Accuracy.
Moving from the parameters and the implementation options introduced in Section 5, the performance of ViFi was evaluated as a function of: a) the density d r and the Selection Strategy of real RPs, b) the density d v and the Placement Scheme of virtual RPs, and c) the value of k in the WkNN algorithm. The analysis has been carried out by computing the positioning error ǫ i (d r , d v , k) (i = 1, 2, . . . , N t ) for each TP, as follows:
where p i = (x i , y i , z i ) andp i = (x i ,ŷ i ,ẑ i ) are the actual and the estimated positions of the i-th target device, respectively. Note that dependence ofp i components from the particular (d r , d v , k) combination is omitted in Equation (13) for the sake of simplicity. Similarly to the case of the prediction error δ n (ρ), the CDF of positioning error ǫ(d r , d v , k) and the
have been evaluated. Furthermore, in order to express the gain in accuracy achievable by the positioning system when using a density of virtual RPs d v > 0, a dedicated performance indicator, referred to as virtualization gain G(d r , d v , k), was defined:
Results of the analysis are presented in Section 7.6 and 7.7 for the controlled and crowdsourcing-like scenarios.
An Empirical Approach for Selecting k est
As discussed in Section 5.4.1, the value of k opt that minimizes the average positioning error in a given environment should be derived in a site-specific testing phase. However, if validity of Equation (11) is verified among different environments with a common value of α, then k est can be directly computed, leading to negligible performance accuracy losses, while avoiding further measurement efforts for the testing phase.
The following empirical procedure has been applied in order to determine whether a common value of α might prove valid for both SPinV and TWIST testbeds. For each environment:
• Given a generic (d r , d v , k) combination, the value k opt and in turnǭ(d r , d v , k opt ) have been evaluated • For each α ∈ [α min : α max ], k est (α) has been evaluated following Equation (11) , and the corresponding average positioning error, denoted asǭ(d r , d v , k est (α)) has been considered.
have been evaluated and denoted with β(d r , d v , α):
• The value of α that minimizes β has been selected, and the corresponding k est was selected as a reliable estimator of k opt . Numerical results of the above procedure for both SPinV and TWIST testbeds are reported in Section 7.6.4.
Model and Experimental Parameters Setting
As mentioned in Section 4, the set of propagation parameters {S} to be optimized in the model fitting procedure may differ dependently on the MWMF model and the environment. TABLE 2 reports the environmental characteristics and the set {S} of propagation parameters used in the optimization procedure for both SPinV and TWIST testbeds. II, since it combines measurements from different APs and exploits the environment homogeneity. This is confirmed by observing Figure 5 , where the average prediction errorδ(ρ), obtained by averaging all the δ n (ρ) values for the L APs, is reported as a function of ρ (for the sake of completeness, in addition to the ρ values in TABLE 3, values ofδ(ρ) obtained for ρ = 0.01 and ρ = 0.05 are also reported). Within the SPinV environment Strategy II emerges as the optimal Selection Strategy since the initial amount of real RPs is large enough and optimal RSS prediction occurs when specific propagation parameters are associated to different APs. On the contrary, within the TWIST environment Strategy I provides a more stable RSS prediction for different values of ρ, since the initial amount of real RPs is reduced and, in this case, Strategy I also benefits from the environment homogeneity and the simmetry in the AP placement. Overall, results highlight that few uniformly distributed measurements are in most cases sufficient for obtaining a reliable estimation of the propagation parameters and generation of virtual RPs, and this is expected to be of paramount importance in decreasing the measurement efforts in the fingerprinting offline phase. However, in using the MWMF model, measurements can be reduced but cannot be totally avoided, because of the empirical nature of the model. In order to highlight this, Figures 6 and 7 report the CDFs and the main statistics of the prediction error δ obtained with Strategies I and II, when ρ = 1, in comparison with the prediction error obtained by using a baseline lower bound strategy in which the RSS predictions for the objective area A are obtained by using the MWMF propagation parameters estimated for a totally different area A ′ 3 . The goal of this comparative analysis is to show an example of the prediction accuracy achieved when the site-specific measurement phase is not carried out. Note that here and in the following analysis error statistics are summarized in the form of boxplot diagrams, in which the reported statistics are minimum, maximum and median values, 25-th and 75th percentiles, and possible outliers. As expected, results in Figures 6 and 7 show that, for the reference AP, prediction errors significantly increase within both testbeds when no site-specific model fitting is carried out. In conclusion it can be observed that, in order to obtain reliable MWMF-based RSS predictions, measurements can be significantly reduced but not totally avoided. Furthermore, results show that the selection of the optimal Strategy depends on the number of real RPs. Based on this observation and in light of using this methodology for the implementation of ViFi in a different environment, once the measurement campaign concluded, the average prediction errorδ(ρ) can be used as a reliable indicator for the selection of the optimal Strategy in the subsequent generation of virtual RPs. 3 . Parameters obtained in the analysis reported in [29] have been used. Figures 8 and 9 show the impact of using different amounts of real RPs without introducing virtual ones on the average positioning accuracy, for SPinV and TWIST testbeds. The left hand side of both figures reports the average positioning errorǭ(d r , 0, k) as a function of k: results clearly show a significant decrease of the positioning error as d r increases, but also that the reduction is less and less significant as d r increases, suggesting the presence of a lower bound for the achievable accuracy, in agreement with [18] . The bound is possibly due to the inherent measurement error in the collection of real RPs. Results also highlight a different lower bound for the error absolute value in the two testbeds, about 3 m for SPinV vs. 2 m for TWIST. This difference can be possibly explained by the different AP placement for the two testbeds: the spatial diversity of the TWIST APs seems to significantly improve the average positioning accuracy, suggesting that optimal AP placement schemes may positively affect the system performance, even with a low-to-medium number of APs, as also previously reported in [38] . Furthermore, for each d r , the right hand side of figures reports the boxplot of the positioning error ǫ(d r , 0, k opt ). A decrease of the positioning error as d r increases is confirmed; moreover, the value of k opt spans in the expected range between 2 and 10.
Impact of d r

Impact of d v
The analysis regarding the impact of introducing virtual RPs on the ViFi positioning accuracy has been carried out assuming the use of Selection Strategy II and Grid Placement Scheme for SPinV, and Selection Strategy I and Grid Placement Scheme for TWIST testbeds. The motivation for Results show that, when d r min is used, the introduction of virtual RPs significantly contributes to the decrease of the positioning error with respect to case of d v = 0. Results are generalized and extended in Figure 12 , where the virtualization gain G(d r , d v , k opt ), as defined in Equation (14), is reported for both testbeds: the introduction of virtual RPs significantly improves the achievable positioning accuracy for low d r values, that is few available real RPs, showing the best accuracy for high d v value, that is a large amount of generated virtual RPs, while the advantage of introducing virtual RPs becomes negligible when a large enough amount of initial real RPs is available (high d r values). This is also confirmed by Figure 13 value, obtained thus when a high value of virtual RPs were generated. Moreover, Figure 13 also shows that all ǫ(d r < d r max , d v max , k opt ) nearly achieve the same error (with the only exception ofǭ(d r min , d v max , k opt ) in the SPinV testbed, that is higher of about 60 cm). This furtherly confirms that the ViFi system allows to significantly reduce time and efforts dedicated to the offline measurement phase with negligible effects on positioning accuracy.
Impact of real RPs Selection Strategies and virtual RPs Placement Schemes
This section discusses the impact on the positioning accuracy of applying different real RPs Selection Strategies and virtual RPs Placement Schemes, in order to justify the choice of using Selection Strategy II and Grid Placement Scheme for SPinV, and Selection Strategy I and Grid Placement Scheme for TWIST testbeds, respectively. Figure 14 reports the average positioning errorǭ(d r , d v max , k) for both Selection Strategies I and II. Results are in agreement with Figure 5 : within the SPinV environment, Strategy II always outperforms Strategy I, with the only exception of d r = d r min ; on the contrary, within the TWIST environment, the robustness of Strategy I in generating reliable virtual RPs even with low amounts of real RPs turns into a significant stability of this Strategy in terms of achievable positioning accuracy. In conclusion one can observe that: 1) the selection of the optimal Strategy depends on the amount of available real RPs, and 2) a direct relationship exists between the average prediction errorδ(ρ) and the average positioning error ǫ(d r , d v , k): the Strategy minimizing the average prediction errorδ(ρ) also minimizes the average positioning error, and should thus be selected. Figure 15 reports the average positioning errorǭ(d r , d v max , k) for both Grid and Random Placement Schemes. Selection Strategy II is assumed in the model fitting of the SPinV testbed, while Strategy I is used for TWIST. Results show that no significant positioning improvement when using a particular Placement Scheme has been found, suggesting that a uniform spatial distribution of virtual RPs is a reasonable choice for achieving satisfactory positioning accuracy. the validity of both Equations (10) and (11) . The value of α guaranteeing a reliable estimation of k opt can be then derived, for both environments, through the application of the empirical procedure introduced in Section 7.3. Based on the analysis of the impact of d v on the positioning error, the procedure has been applied when d v = d v max . Figure 16 presents β(d r , d v max , α) as a function of α and d r as in TABLE 3. Results show that, for each d r value, β is consistently close to its minimum when a value of α between 0.01 and 0.05 is used, for both SPinV and TWIST environments; this suggests that a value lower or equal to 5% of the total amount of N r + N v RPs may be adopted for k in order to achieve a positioning error close to its minimum. The finding is supported by results shown in Figures 17 and 18 . Figure 17 shows the experimental k opt values obtained for several d r and d v combinations, in comparison with the surface of estimated k est values obtained as k est = ⌈0.05(d r +d v )|A|⌉. Moreover, comparison between the average positioning errorsǭ(d r , d v , k est ) and ǫ(d r , d v , k opt ) is shown in Figure 18 . The small difference between k opt and k est values and, more significantly, between the corresponding average positioning errors, corroborate the reliability of the proposed k opt estimator and its applicability, with α set to 0.05, to different environments.
Crowdsourcing-like Scenario
In this section the performance of ViFi in the Crowdsourcing-like Scenario, within the SPinV testbed, is reported. Figure 19 reports the average prediction errorδ(ρ) for the SPinV testbed in case of Crowdsourcing-like Scenario. A comparison with Figure 5a , reportingδ(ρ) for the Controlled Scenario, highlights that reduction of measurements and introduction of heterogeneity inherent to crowdsourcing Figure 13 , confirms that introducing crowdsourced measurements decreases the positioning accuracy, with a significant increase of the error lower boundǭ(d r max , 0, k opt ) of about 90 cm. ViFi accomodates its performance on the new lower bound, confirming its capability to reach the same performance obtained with an exhaustive offline measurement phase with a significant reduction of the measurement effort. Results on the evaluation of the virtualization gain G(d r , d v , k opt ), reported in Figure 21a , show similar trends with respect to the Controlled Scenario seen in Figure 12 , with higher virtualization gains for low d r , high d v values. Finally, Figure 21b compares, in analogy with Figure 18 , the average positioning errorsǭ(d r , d v , k opt ) and ǫ(d r , d v , k est ), with k est evaluated with α = 0.05: results confirm that the selection of 5% of the total amount of RPs as value of k leads to a reliable approximation of the minimum average positioning error. In light of the above results, it is possible to conclude that ViFi is applicable to both controlled and crowdsourcing scenarios; however, considering the possibility of significantly reducing the number of initial real RPs to be measured, a controlled scenario should be preferred whenever possible.
Implementation Guidelines
The consistency in the behavior of the ViFi system across two different environments allows to derive a set of guidelines that may prove valuable in its implementation in a generic environment of area |A|: 1) A density of real RPs ranging from 0.01 to 0.02 RPs/m 2 is sufficient for obtaining reliable MWMF-based RSS prediction and virtual RPs generation in the area of interest. It is convenient to carefully collect repeated measurements for each RP, in order to avoid the possible increase of the positioning error due to unstable measurements. 2) The average prediction errorδ is a reliable indicator for choosing the Selection Strategy leading to the minimization of the average positioning errorǭ. 3) A density of virtual RPs ranging from 5 to 10 RPs/m 2 is large enough for obtaining a positioning accuracy comparable with the one that could be obtained when a higher amount of real RPs is collected. 4) For the WkNN online estimator, a value of k equal to 5% of the total number of real and virtual RPs guarantees an average positioning error close to the minimum achievable value.
Conclusion
In this work a virtual fingerprinting indoor positioning system, referred to as ViFi, has been proposed and analyzed. ViFi uses the empirical MWMF indoor propagation model for the generation of virtual RPs and a deterministic Euclidean WkNN algorithm to infer the target location. Impact of initial density of real RPs, used to 1) fit the model, 2) evaluate the site-specific propagation parameters and then 3) generate the virtual RPs, has been analyzed in terms of accuracy of the generated virtual RPs, and experimental results have shown a high robustness of the model in generating such RPs even in the case of low amount of available real RPs and crowdsourced measurements. Furthermore, impact of density of virtual RPs on achievable positioning accuracy has been analyzed, showing that the introduction of virtual RPs significantly decreases the system positioning error, in particular with respect to traditional real RPs-only systems using a low amount of RPs. Regarding the WkNN estimation algorithm, an empirical procedure allowing the selection of a near-optimal value of k has been proposed and experimentally validated. Future work goes in the direction of extending the analysis reported in this work. On one hand, regarding ViFi computational complexity, the introduction of schemes for reducing the online phase complexity, such as RP clustering and estimation algorithm optimization is under analysis. On the other hand, optimization of propagation modeling, by taking into account other significant factors affecting the WiFi signal propagation and the perceived RSS values, such as device heterogeneity and orientation, is currently being investigated, given its importance in particular in the crowdsourced scenario of application. Finally, a detailed perfomance comparison with interpolation procedures in creating virtual RPs can be a further research line.
